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Abstract

The task of event graph completion (EGC) aims
to predict the missing relations between two
events in a heterogeneous event graph (EG) to
enhance its applicability in downstream tasks.
Given that event graphs inherently contain both
semantic and structural information, and that
the effective aggregation of these two types of
information can mutually reinforce their expres-
sive power, we propose a Multi-Expert Routing
(MER) framework, which leverages the mix-
ture of experts (MoE) architecture to dynami-
cally select appropriate experts for collabora-
tively addressing different key aspects of the
EGC task. Specifically, our approach incorpo-
rates multiple specialized experts, leveraging
prompt learning and a graph attention network,
to independently model distinct semantic and
structural features within EGs. Furthermore,
an adaptive expert routing (AER) module is
designed to dynamically fuse and select the
missing relation predictions from the experts,
thereby completing the EGs. Extensive experi-
ments conducted on the EGC-MAVEN dataset
demonstrate that our MER framework outper-
forms the state-of-the-art competitors.

1 Introduction

An event graph (EG) is an event-centric knowledge
representation paradigm that organizes information
around event triggers and their associated argu-
ments (e.g., subject, object, time, and location).
Owing to its structured and semantically rich rep-
resentation of real-world event dynamics, it has
been widely applied in various downstream tasks,
including question answering, search and recom-
mendation, financial quantitative investment and
text generation (Guan et al., 2023; Li et al., 2021;
Ugai et al., 2024; Jin et al., 2022).

In this paper, we focus on the task of event graph
completion (EGC), which aims to infer and com-
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Figure 1: An example of Event Graph Completion
(EGC) task.

plete missing relations among events in a heteroge-
neous event graph (Tang et al., 2021; Wang et al.,
2022b; Li et al., 2025b; Hwang et al., 2022). By
recovering incomplete structural and semantic de-
pendencies, the EGC improves the overall integrity
and quality of the event graph, thereby enhancing
its effectiveness in downstream applications.

Figure 1 illustrates an example of EG and the
EGC task. In this EG, each event node is associ-
ated with the event mention word(s), event type,
and the sentence to which it belongs. The rela-
tions between events include four types, namely,
the ’temporal’, ’causal’, ’sub-event’, and
’coreference’. Among these relation types, the
’coreference’ is undirected, whereas the oth-
ers are directed. It is worth noting that multiple
relations may coexist between the same pair of
event nodes in a heterogeneous event graph; con-
sequently, this EG can be decomposed into four
homogeneous subgraphs, each containing only one
type of relation. Given an EG and a pair of events
(e.g., the events "descended" and "slain"), the
EGC task aims to infer the missing relations be-
tween the two events. Specifically, this involves
determining whether one or more relations exist
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between the event pair, and if they do, identifying
their specific directions (e.g., a ’before’ relation
and a ’cause’ relation in this example).

The pre-trained language models (PLMs)
have demonstrated remarkable performance and
have become foundational components in a wide
range of downstream natural language process-
ing tasks (Liu et al., 2024; Zhu et al., 2024; Du
et al., 2024; Min et al., 2023). For instance, the
TEPrompt is a task-enlightened prompt learning
framework that integrates knowledge learned from
three related tasks of implicit discourse relation
recognition (Xiang et al., 2023). Despite their suc-
cess, most PLM-based prompt learning approaches
are designed for sequential text inputs and thus
are not naturally suited for graph-structured data.
This limitation restricts their direct application
to structured knowledge representations such as
event graphs. To leverage the rich semantic knowl-
edge embedded in PLMs while accommodating
graph structures, we adopt a graph prompt learning
paradigm that jointly encodes both the semantic
content and structural dependencies of an EG for
missing event relation prediction.

Recently, the mixture of experts (MoE) archi-
tecture in large language models offers significant
advantages by utilizing specialized experts to tackle
different aspects of complex tasks (Masoudnia and
Ebrahimpour, 2014; Zhou et al., 2022; Shazeer
et al., 2017; Mu and Lin, 2025). For example, the
MOOSE, a robust automated essay scoring frame-
work, employs three specialized experts to assess
essay quality by integrating multi-aspect informa-
tion from both prompts and essays (Chen et al.,
2025). However, as the MoE architecture is typi-
cally designed and tailored for specific task scenar-
ios, its direct application to the EGC task poses non-
trivial challenges. To fully leverage the strengths of
the MoE architecture for the EGC task, we adopt
a routing mechanism that dynamically selects and
weights the experts based on the given query event
pair.

In this paper, we propose a Multi-Expert
Routing (MER) framework for the EGC task. Our
approach incorporates multiple specialized experts,
leveraging both prompt learning and a graph atten-
tion network, to capture the semantic and structural
features of event graphs. To effectively integrate
the outputs from different experts, we design an
Adaptive Expert Routing (AER) module. For each
query event pair, the AER module dynamically
selects the most relevant experts and adaptively as-

signs query-specific weights to yield the final pre-
diction. Experiments on the EGC-MAVEN dataset
validate the effectiveness of our MER framework,
which achieves new state-of-the-art results. Abla-
tion studies also demonstrate the effectiveness of
each module in our framework. The discussion of
related work is deferred to Appendix A.

2 Methodology

2.1 Preliminaries

As the task initialization, we have an event graph
G constructed from a document. Each event node
ei ∈ G is associated with the event mention emi ,
event type eti and the sentence containing the event
mention esi , all in natural language. An event triplet
is denoted as τij = (ei,Rij , ej), where Rij de-
notes the set of relations between an event ei and
another event ej . In this paper, we use the fol-
lowing words for indicating each relation type:
The ’temporal’ relation is indicated by {before,
after, none}, ’causal’ relation by {cause,
caused_by, none}, ’sub-event’ relation by
{belong, include, none}, and ’coreference’
relation by {coreference, none}. For a query
event pair (eh, et), the task of event graph comple-
tion is to predict the missing relations Rht between
the head and tail event of the query.

In this paper, we use a [mask] token to com-
pose the query event triplet τht = (eh, [mask], et),
where the [mask] stands for the relations Rht to be
predicted. We design the MER framework to en-
code the [mask] into a tensor Rht that consists of
four prediction probability vectors {rt, rc, rs, rf},
each used for predicting the corresponding relation
type. For example, the probability vector rt is used
to predict the ’temporal’ relation.

Figure 2 illustrates the proposed MER frame-
work, which utilizes a MoE architecture to dynami-
cally select and combine multiple experts for rela-
tion prediction. It consists of two components: The
multiple expert modeling (MEM) generates indi-
vidual relation predictions by leveraging two kinds
of modeling techniques, i.e., prompt learning and
graph attention network; The AER selects experts
for predictions and aggregates the selected experts’
predictions to yield the final result.

2.2 Multi-Expert Modeling

To capture the semantic and structural information
of an event graph, we design two kinds of experts:
One is implemented with prompt learning with em-
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Figure 2: Illustration of our proposed Multi-Expert Routing (MER) framework.

phasis on semantic information, the other is imple-
mented with a graph attention network integrating
both semantic and structural information.

2.2.1 Mention Expert

The most straightforward semantic modeling is to
encode only the event mentions for prediction. De-
spite simplicity, sometimes mention words may be
enough to infer a relation, for they are appropri-
ately encoded with a language model with enough
world knowledge. For example, the event mention
words "earthquake" and "deaths" exhibit a clear
causal dependency that can be readily inferred from
general world knowledge.

The mention expert is designed to capture such
intrinsic semantic associations by prompting a men-
tion encoder ϕme (e.g., a pre-trained language
model, RoBERTa) with the following mention tem-
plate (sketch) Tme:

Tme = The relation emh and emt is [mask] ?

The emh and emt , respectively, are the mentions of
the head and tail event of the query event pair. We
note that the mention encoder ϕme is only for the
mention expert and its parameters are updated dur-
ing training. After the sequence encoding, we use
a masked language model (MLM) head to estimate
the probability of each word in its vocabulary for
the [mask] tokens and output the relation predic-
tion Rme

ht .

2.2.2 Sentence Expert

Words could be better understood within a sentence
context. We also design a sentence expert that in-
cludes the sentences containing the mention eh and
et for relation prediction. Besides, the title of a
document summarizes the main topic of the entire
document, providing some background informa-
tion for comprehension. So we also incorporate the
document title to help infer event relations. Specif-
ically, we design the following sentence template
(sketch) Tse for prompting the sentence encoder
ϕse of the sentence expert:

Tse =
′Title′ The relation esh and est is [mask] ?

where ’Title’ is the document title, and esh and
est , respectively, the sentence containing the head
event and tail event. Similar to the mention expert,
the sentence expert uses an MLM to output the
relation prediction Rse

ht .

2.2.3 Context Expert

We further investigate whether more contextual in-
formation could help an expert reason about the
missing relations. However, as the full document
is often too long and beyond the input window
limit, we consider using the sentences between the
event eh and et as contextual information. Let
Sctx =< s1, ...sn > denote the sequence of sen-
tences between eh and et. We design the following
context template (sketch) for prompting the context
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encoder ϕce of the context expert:

Tce = ’Title’ Sctx The relation esh and est is [mask] ?

The context expert applies an MLM to output the
relation prediction Rce

ht .

2.2.4 Path Expert
The aforementioned experts focus on event seman-
tic information without considering the structural
information of the event graph. We argue that
the known relations between other event pairs can
help to infer the relations of the query event pair.
For event triplets with underlying graph-structure,
we propose to first order them according to their
distances to the query event pair. Specifically,
for an event mention triplet τm

ij = (em
i ,Rij , e

m
j ),

its distance to the query triplet τht is defined
as min{dih, dit, djh, djt}, where d·· denotes the
shortest-path between two event nodes in the event
graph, regardless of the edge type and direction.

Besides ordering event mention triplets, we also
order event type triplets into a sequence as follows.
For an event type triplet τ t

ij = (et
i,Rij , e

t
j), its dis-

tance to the (et
h,Rht, e

t
t) is computed the same as

the mention triple distance, with the exception that
if two event types are the same, their distance is
set to zero. We note that the two simple ordering
mechanisms are mainly for providing a sequential
input to the sequence encoder. As each triplet con-
tains the relation type, we expect that the sequence
encoder of the path expert can itself distinguish
different relation types in prediction.

We use some PLM-specific tokens [CLS] and
[SEP] to form a mention path template Tm

pe and a
type path template Tt

pe as follows:

Tm
pe = [CLS]τm

1 [SEP]τm
2 ....[SEP]τm

m[SEP]τm
q [SEP]

Tt
pe = [CLS]τ t

1[SEP]τ
t
2....[SEP]τ

t
m[SEP]τ t

q[SEP]

where τm
1 ...τm

m (τ t
1...τ

t
m) is the ordered sequence

of all event mention triplets (event type triplets)
in the event graph, and τm

q = (em
h , [mask]

m, em
t )

is the query event mention triplet and τ t
q =

(et
h, [mask]

t, et
t) is the query event type triplet. No-

tice that [mask]m and [mask]t are encoded by two
different sequence encoders, and their encodings
are denoted by Rmp and Rep.

We next fuse the two encodings as the output
of the path expert. Specifically, we concatenate
Rmp and Rep, and pass them through a multi-layer
perceptron followed by a softmax function as the

prediction output Rpe
ht of the path expert, i.e.,

R
pe
ht = Softmax(Wpe(Rmp||Rep)),

where Wpe is a trainable matrix.

2.2.5 Graph Expert
The aforementioned experts primarily rely on train-
ing PLM-based sequence encoders for relation pre-
diction by linearizing local or multi-hop textual
information into prompt templates. We next design
a graph expert to explicitly model the global struc-
tural interactions among events on the event graph.
To this end, we adopt the graph attention networks
(GAT) for the graph expert. Specifically, we de-
compose the heterogeneous event graph G into four
homogeneous graphs {Gt,Gc,Gs,Gf}, each contain-
ing all event nodes but only with edges of the
same relation type. For example, the homogeneous
’temporal’ event graph Gt contains only the edges
of the temporal relations.

Each node in G is first initialized with a PLM-
based semantic encoder with the input of the event
sentence. We next design a trainable matrix for
each homogeneous graph to transform the hetero-
geneous graph initialization hi into the homoge-
neous graph-specific initialization. Take the Gt for
example, ht

i = Wthi. The standard message pass-
ing and aggregation process of the graph attentive
network is then performed on each homogeneous
graph to obtain the final representation for each
node, e.g., the h̃t

i of node i in Gt.
In each homogeneous graph, we use the repre-

sentations of the query head node and tail node for
relation prediction. Take the ’temporal’ graph
Gt for example. We compute rt

q = h̃t
h − h̃t

t and
input rt

q into a masked language head followed by
a softmax layer for only predicting the ’temporal’
relation. We use R

ge
ht to denote the predicted rela-

tions by the graph expert.

2.3 Adaptive Expert Routing
Since different experts specialize in different as-
pects of event graphs, a static combination strat-
egy may not fully leverage their complementary
strengths. We introduce an expert router to adap-
tively select and weight experts based on the query
event pair. Specifically, we design the routing tem-
plate Trt for the query event pair:

Trt =
′Title′ Infer the relation esh and est .

and feed this template into a router encoder ϕre to
obtain the hidden state h of the start token as the
template representation.
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The template representation h is passed through
a linear transformation layer, followed by a softmax
operation to obtain the routing probabilities P for
each expert.

P = softmax((w · h+ b+ ϵ · N (0, 1))/t),

where w and b denote the learnable weight matrix
and the bias vector used in the linear transforma-
tion layer, respectively, t is a temperature parame-
ter used to control the sharpness of the distribution,
and ϵ is a hyperparameter to prevent routing col-
lapse.

We select the top-k experts according to their
probabilities and integrate the outputs of the se-
lected experts K as the final prediction R:

R =
∑

k∈K
Pk ·Rk

ht,

where Rk
ht denotes a selected expert from

{Rme
ht ,R

se
ht ,R

ce
ht ,R

pe
ht ,R

ge
ht }.

2.4 Training Strategy

We employ a two-stage training strategy to train
experts and the router independently. The first is
the independent expert training, where each expert
is optimized individually; The second is adaptive
router training, where the router is trained while
keeping expert parameters frozen.

For each expert, we use a constrained masked
language modeling objective. Specifically, we re-
strict the output to a predefined set of answer tokens
corresponding to each event relation (e.g., mapping
the ’temporal’ relation to tokens {’before’,
’after’, ’none’}), reformulating the relation
prediction as cloze-style prediction. Formally, each
expert is trained independently by minimizing the
following cross-entropy loss Lexpert:

Lexpert = − log P(y | T),

where P(y | T) denotes the probability computed
by the expert regarding the ground truth y.

After training each expert, we freeze all expert
parameters and train the adaptive expert router.
Specifically, we detach the outputs of each expert
before integration, and we further apply an inverse-
frequency weight based on the ratio of the number
of total samples N to the number of ground-truth
samples Nf to mitigate the imbalance of event re-
lation types. Formally, the router is trained by

Figure 3: Prompt input for the LLMs.

minimizing the cumulative weighted cross-entropy
loss Lrouter across four event relations F :

Lrouter =
∑

f∈F
(N/Nf) · LCE(Rf, yf),

where LCE denotes the cross-entropy loss.

3 Experiments

3.1 Experiment Setup

Dataset: We conduct experiments on EGC-
MAVEN dataset (Liang et al., 2026). Each instance
is a document containing event mentions annotated
with semantic types. The dataset also provides
coreference annotations that link mentions refer-
ring to the same event, as well as inter-event rela-
tion annotations, including temporal, causal, and
sub-event relations.

Implementation Details: We use RoBERTa-
base (Liu et al., 2019) as the text encoder via the
HuggingFace Transformers library. All experi-
ments are implemented in PyTorch and run on a
NVIDIA RTX 3090 GPU with CUDA.

Metrics: We evaluate the model performance
using Precision (P), Recall (R), and macro-F1 (F1).
More details about the dataset, implementation and
metrics can be found in Appendix B.

We employ some advanced knowledge graph
completion models as baselines for the EGC
task, including HINGE (Rosso et al., 2020), Con-
GLR (Lin et al., 2022), APST (Su et al., 2024),
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Model
Sub-event Causality Temporal Coreference Average

R P F1 R P F1 R P F1 R P F1 R P F1

ChatGLM3-6B (Team GLM, 2024) 18.0 8.7 10.3 47.6 13.4 20.9 24.6 7.1 11.1 46.2 25.3 32.7 34.1 13.6 18.7

Llama3-8B (Grattafiori et al., 2024) 47.6 11.7 14.4 46.6 13.9 19.8 41.1 16.1 21.4 91.3 15.8 27.0 56.7 14.4 20.6

GPT-3.5-turbo (Ouyang et al., 2022) 38.7 12.0 18.2 47.6 14.6 22.3 41.0 18.4 24.7 89.4 20.5 33.4 54.2 16.4 24.6

DeepSeek-V3.2 (DeepSeek-AI et al., 2025) 48.2 19.0 22.2 34.9 12.4 17.3 42.8 31.2 33.8 40.0 34.7 30.3 41.5 24.3 25.9

GPT-4o-mini (OpenAI, 2024) 46.0 25.2 22.7 35.9 16.9 22.9 41.2 40.9 39.0 42.7 38.5 38.0 41.5 30.4 30.7

HINGE (Rosso et al., 2020) 80.7 15.4 25.6 69.1 16.6 26.4 55.3 16.0 24.0 89.6 33.3 48.5 73.7 20.3 31.1

ConGLR (Lin et al., 2022) 63.5 36.3 45.7 52.7 34.3 41.6 47.4 25.0 32.7 82.7 74.5 78.4 61.6 42.5 49.6

SIEG (Shi et al., 2024) 33.7 19.2 24.2 45.8 14.7 22.1 36.9 17.7 23.8 88.0 53.0 66.1 51.1 26.1 34.1

APST (Su et al., 2024) 67.9 22.1 32.8 72.8 25.8 38.0 55.9 23.7 32.9 95.1 59.0 72.8 72.9 32.6 44.1

PLAF (Liang et al., 2026) 60.2 55.7 57.9 52.2 50.4 51.2 44.4 29.9 34.3 97.9 77.8 86.7 63.7 53.5 57.5

MER 73.0 59.1 65.2 76.6 52.1 62.0 59.0 42.8 50.2 97.0 79.4 87.3 76.4 58.4 66.2

Table 1: Overall results of comparison models on the EGC-MAVEN dataset. The best results are in bold, and the
sub-optimal results are underlined.

SIEG (Shi et al., 2024), and PLAF (Liang et al.,
2026). Besides, we also evaluate the effective-
ness of large language models (LLMs) on the
EGC task, including ChatGLM3-6B (Team GLM,
2024), Llama3-8B (Grattafiori et al., 2024), GPT-
3.5-turbo (Ouyang et al., 2022), GPT-4o-mini (Ope-
nAI, 2024), and DeepSeek-V3.2 (DeepSeek-AI
et al., 2025). All LLM baselines use the same
prompt template illustrated in Figure 3. The details
of these competitors are provided in Appendix C.

3.2 Main Results

Table 1 compares the event graph completion per-
formance between our MER framework and the
competitors on the EGC-MAVEN dataset. It is
observed that our MER achieves competitive per-
formance across multiple metrics on the EGC-
MAVEN dataset, demonstrating notable improve-
ments over baseline models in four relation comple-
tions. In particular, MER improves the F1-scores
of Sub-event, Causality, Temporal, and Corefer-
ence relation completions by 7.3, 10.8, 11.2, and
0.6 percentage points over the second-best results,
respectively. The results validate our design moti-
vations and objectives. The superior performance
of MER stems from its MoE architecture. Specif-
ically, our prompt-based experts provide rich se-
mantic representations by leveraging the deep con-
textual knowledge of PLMs; while the Graph Ex-
pert boosts global structural reasoning by capturing
complex intra- and inter-relation dependencies. Fi-
nally, the Adaptive Expert Routing dynamically
selects and fuses the outputs of each expert, allow-
ing the framework to adapt to different relation
types and graph structures.

We note that the LLMs in zero-shot learning
struggle to outperform the other well-trained ap-
proaches. Notably, this performance gap persists
even when scaling up the LLMs parameter count,
which indicates that the EGC is still a challenging
task for the LLMs due to the complexity of graph
structures and event semantics. Consequently, the
superiority of our MER framework is not solely de-
rived from the fine-grained modeling of structural
and semantic information, but relies on its MoE
architecture, which dynamically selects the most
relevant experts for each event pair.

3.3 Ablation and Parameter Results

Module Ablation We conduct module ablation
experiments to evaluate the contributions of each
component in MER. The ablation strategies are
defined as follows: (1) Single Expert: uses only
one specific expert; (2) Individual Expert Abla-
tion: removes each of the five experts from the full
framework one at a time; (3) w/o Router: replaces
the AER module with a simple majority voting.

Table 2 provides the ablation study results,
where an expert or router is removed from the full
MER framework. We can observe that the full
MER framework outperforms all single experts,
demonstrating the necessity of the MoE architec-
ture. Besides, even when a top-performing expert
is removed, the framework still maintains perfor-
mance comparable to the best single expert.

Furthermore, each expert and the router con-
tribute to the F1 performance improvements of the
full framework. Consistent with their strong in-
dependent performance, the largest performance
drops happen when removing the Context and Path
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Model
Sub-event Causality Temporal Coreference Average

R P F1 R P F1 R P F1 R P F1 R P F1

Only Mention Expert 41.5 14.9 21.3 53.2 20.6 29.5 45.0 19.0 26.6 84.0 33.6 48.0 55.9 22.0 31.4

Only Sentence Expert 66.3 35.7 46.4 73.2 37.3 49.4 48.5 34.0 39.8 97.7 69.7 81.3 71.4 44.2 54.2

Only Context Expert 65.1 40.3 49.5 79.4 42.6 55.4 62.1 41.0 49.3 93.7 79.3 85.9 75.1 50.8 60.0

Only Path Expert 73.0 56.3 63.5 64.6 46.4 54.0 48.0 34.3 40.0 98.8 69.1 81.4 71.1 51.5 59.7

Only Graph Expert 80.4 20.0 32.0 71.2 26.8 38.9 52.5 22.7 31.7 78.6 64.9 71.1 70.7 33.6 43.4

w/o Mention Expert 74.1 56.6 64.1 79.3 49.8 61.2 59.8 41.5 48.9 96.7 79.7 87.4 77.5 56.9 65.4

w/o Sentence Expert 73.9 56.7 64.1 78.6 49.4 60.7 59.1 40.9 48.3 97.0 79.3 87.2 77.2 56.6 62.6

w/o Context Expert 73.0 56.6 63.7 64.7 46.4 54.1 48.0 34.3 40.0 98.8 69.1 81.4 71.1 51.6 59.8

w/o Path Expert 64.8 40.5 49.8 78.9 43.1 55.7 61.8 40.8 49.2 94.2 78.8 85.8 74.9 50.8 60.1

w/o Graph Expert 75.2 48.0 58.6 80.1 47.9 60.0 63.2 41.5 50.0 95.6 82.6 88.6 78.5 55.0 64.3

w/o Router 73.3 46.3 56.4 73.3 42.0 52.4 55.0 33.0 41.2 95.5 78.9 86.4 74.3 50.0 59.1

MER 73.0 59.1 65.2 76.6 52.1 62.0 59.0 42.8 50.2 97.0 79.4 87.3 76.4 58.4 66.2

Table 2: Experiment results of ablation study on the EGC-MAVEN dataset.

Figure 4: Results of different routing strategies. (top-
k=3)

Figure 5: Results of different routing strategies. (top-
k=5)

experts, which highlights the importance of con-
textual descriptions and relational paths for EGs.
It is interesting to note that removing the router
also leads to a notable decline, indicating that our
MER framework is not simply from the strength of
individual experts, but rather from the ability of the
router to adaptively integrate their predictions.

Effect of Routing Strategies We compare the
AER module with majority voting and weighted

Figure 6: Distribution of different experts on test set.

voting under two settings: (1) the AER module is
configured with top-k=3, while the voting strate-
gies employ the three experts most frequently se-
lected by the AER module; (2) the AER module
is configured with top-k=5, while the voting strate-
gies aggregate predictions from all five experts.

Figure 4 presents the experimental results under
the first setting. We can observe that the AER mod-
ule achieves the highest average F1-scores. We
attribute this superior performance to its dynamic
routing mechanism. While static voting strategies
rely on a fixed set of experts and treat all inputs
equally, our AER module recognizes that differ-
ent experts specialize in different event pairs, and
adaptively selects the most suitable experts for each
input event pair.

We further evaluate the routing strategies under
the second setting, and the results are illustrated
in Figure 5. The AER module still outperforms
the voting strategies. Static voting strategies as-
sign fixed weights to each expert regardless of the
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Figure 7: Impact of Top-k.

Model Sub. Cau. Tem. Corf. Ave.

MER BERT 61.8 51.2 36.2 85.1 58.6
MER ERNIE 63.8 56.9 42.1 88.2 62.8
MER DeBERTa 51.6 57.2 45.6 86.7 60.3

MER RoBERTa 65.2 62.0 50.2 87.3 66.2

Table 3: Performance of different PLMs (F1-score %).

input. In contrast, the AER module dynamically ad-
justs the weights of different experts for each query
event pair, allowing the framework to emphasize
more relevant experts while down-weighting less
suitable ones. These comparisons again validate
the effectiveness of our AER module.

Expert Selection Distribution The MoE archi-
tecture is designed to dynamically route varying
inputs to distinct specialized experts. Figure 6 plots
the selection distribution of different experts on the
test dataset. It is observed that Context and Path
experts dominate the selection, while the remain-
ing experts are sparsely activated. This suggests
that contextual information and relational paths are
more important for event reasoning. Furthermore,
this varied distribution confirms that the router dy-
namically selects experts, without suffering from
routing collapse. The expert selection distribution
on the training and validation sets can be found in
Appendix D.

Parameter Study of Top-k The top-k parame-
ter helps to control the number of experts by the
router. Figure 7 presents the prediction perfor-
mance against the values of top-k. Results indicate
that top-k=2 is the best choice for our MER. When
top-k=1, the model selects too few experts, focus-
ing only on the local information of the event graph
and underutilizing the potential of the MoE archi-
tecture. Conversely, when top-k>2, an excessive
number of experts may cause interference among
them and introduce more unnecessary noise.

Study of different PLMs To explore the impact

Figure 8: Impact of noise ϵ.

of using different PLMs, we conduct an ablation
experiment with several PLMs, as shown in Table
3. The selection of PLMs influences the perfor-
mance of our MER framework, primarily due to
the fact that while all four PLMs are Transformer-
based and pre-trained on large-scale corpora, their
training strategies and corpora differ slightly. No-
tably, MER framework integrated with ERNIE, De-
BERTa, or RoBERTa outperforms MER-BERT, as
these three PLMs incorporate targeted optimiza-
tions over the original BERT architecture. Among
these, MER-RoBERTa achieved the best perfor-
mance. It removes the next sentence prediction
objective, is pre-trained on an expanded dataset,
and adopts adjusted key hyper-parameters. The
details of PLMs and corresponding complete table
can be found in Appendix F.

Parameter study of noise factor The noise fac-
tor ϵ introduces controlled perturbations to the hid-
den representations, serving as a regularizer to pre-
vent router collapse. Figure 8 illustrates the model
performance across various values of ϵ. We ob-
serve that ϵ = 0.1 yields the best results. When
ϵ = 0, the lack of noise makes the model more
prone to overfitting and leads to suboptimal utiliza-
tion of experts. Conversely, when ϵ is too large,
excessive noise distorts the original features and
interferes with the selection of the router, which
results in a drop in performance. The details of
further experiments can be found in Appendix D.

3.4 Data Efficiency Study

Figure 9 illustrates the F1 scores of the MER model
across four event relation types under varying few-
shot scenarios. The results demonstrate a consis-
tent performance improvement as the proportion of
available training data increases from 0% to 100%.
Notably, the model achieves a substantial perfor-
mance leap when transitioning from the zero-shot
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Figure 9: F1 scores of MER across different event relation types in different training-data proportions.

Figure 10: A case sample of our MER framework.

setting to the 20% setting. These results confirm
the effectiveness of MER even with limited train-
ing data, benefiting from the abundant knowledge
embedded in advanced PLMs. Furthermore, while
PLMs typically struggle to capture task-specific
structural correlations in the zero-shot setting, the
rapid adaptation of MER with minimal data vali-
dates that our proposed architecture successfully
activates this pre-trained knowledge and aligns it
with the complex semantics of event graphs.

4 Case Study

Figure 10 presents a case study to illustrate the
advantages of our MER model. In this instance,
when querying the relation between the events "de-
scended" and "slain", the Mention expert, Sentence
expert, and Graph expert incorrectly predict a None
relation, while the Context expert and Path expert
successfully capture the ground-truth (Before) by
leveraging deep contextual information from the
document sentences and ordered relational paths
between event pairs, respectively. The AER mod-
ule adaptively identifies these two experts as the
most relevant to the current query, and assigns them
higher activation weights to aggregate their outputs
into the final correct prediction of Before.

5 Conclusion

This paper has proposed the MER framework for
the EGC task, which leverages a MoE architec-
ture to capture both the semantic and structural
information of event graphs. We design multiple
specialized experts to handle distinct relational fea-
tures by employing prompt learning and a graph
attention network. An adaptive expert router is
then introduced to dynamically select and fuse
the predictions of the most relevant experts for
each specific query event pair. Experiments on
the EGC-MAVEN dataset demonstrate that MER
outperforms existing methods. In future work, we
plan to explore various load balancing strategies.
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Limitations

Exploration of more expert design The special-
ized experts in our MER framework are manually
designed based on human intuition. While effec-
tive, this hand-crafted approach may not capture
all latent features of complex event graphs. In fu-
ture work, we plan to explore a broader variety of
experts to capture different levels of structural and
semantic information. Additionally, we aim to in-
vestigate automated expert design methods (e.g.,
automated prompt search or architecture discovery)
to reduce the reliance on manual engineering and
further enhance the framework’s adaptability.

End-to-End Training Our framework currently
adopts a two-stage training strategy, in which the
experts and the router are optimized separately. As
a result, the interactions between expert special-
ization and routing adaptation are not jointly op-
timized within a unified training process. Devel-
oping a stable end-to-end optimization framework
that can effectively coordinate heterogeneous ex-
perts and the router remains an important direction
for future work.
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A Related Work

A.1 Event Prediction and Completion
The task of event prediction is to predict future
events based on the content and relationships of
historical events, which provides decision-making
support for potential future developments (Deng,
2021; Wang et al., 2021; Du et al., 2022; Liu et al.,
2023; Ma et al., 2023, 2025). For instance, event
knowledge graphs and large language model rea-
soning frameworks are integrated to enhance tem-
poral reasoning and extract event dependencies for
predicting document-level future events (Huang
et al., 2025). An improved hierarchical neural net-
work is proposed, which integrates local and global
feature matching to capture event context informa-
tion for event prediction (Zhou et al., 2025).

Besides, the Event Graph Completion task is
introduced, which aims to predict missing event
nodes for event graphs. They use event schema to
describe the stereotypical structure of event graphs,
while incorporating neighbor and path information
to capture high-order topological and semantic de-
pendencies in the event schema graph for event
node completion (Wang et al., 2022a).

A.2 Mixture of Experts
The Mixture of Experts architecture utilizes a mix-
ture of specialized sub-models named experts to
solve a task, which has been widely applied in var-
ious domains (Shazeer et al., 2017; Zhang et al.,
2025; Lo et al., 2025; Gan et al., 2026; Mu and Lin,
2025). A mixture of experts model is leveraged to
handle diverse and sequential user activity data by
assigning different experts to different types of user
activities (Qin et al., 2020). A mixture of experts
mechanism is introduced, which dynamically se-
lects and fuses outputs from expert models across
different rarity levels to predict extreme events (Li
et al., 2025a).

We argue that event graphs contain multi-level in-
formation, including entities, context, relationships,
title, and other relevant details. To this end, our
approach explores the use of the MoE framework
to capture both semantic and structural information
of EGs.

B Experiment Settings

Dataset: The statistics of EGC-MAVEN dataset
are summarized in Table 7. This large-scale dataset
comprises 3,614 complex event graphs and 18,181
event completion instances, with an average of

over 25 nodes and 60 edges per event graph. Fur-
ther statistics on the distribution of event graph
nodes and edges are presented in Table 4 and 5.
Note that the majority of event graphs in EGC-
MAVEN dataset exhibit structural complexity, with
most graphs containing more than 10 nodes and
over 20 edges. Besides, 5,543 instances in EGC-
MAVEN dataset contain more than 30 nodes, and
5,203 instances involve event graphs with more
than 70 edges. The distributions demonstrate that
EGC-MAVEN dataset contains complex, large-
scale event graphs, which aligns well with the re-
quirements of real-world application scenarios.

Details of experiment setup: The parameter
settings of proposed MER framework are shown in
Table 6.

Metrics: We report the evaluation metrics in
detail here for completeness. Specifically, we first
calculate the macro Precision, Recall, and F1-score
for each type of relations, which are formulated as
binary or three-class classification tasks, to eval-
uate the performance of our model on a specific
relation type. Then we calculate the average re-
sults of Precision, Recall, and F1-score to evaluate
the overall performance of our model among all
relation types, defined as follows:

P =
1

N

∑

τ∈F
P τ

R =
1

N

∑

τ∈F
Rτ

F1 =
1

N

∑

τ∈F
F τ
1

where P τ , Rτ , and F τ
1 are the evaluation metrics

for relations of each type τ and N is the number of
types.

C Baselines

We compare the proposed MER framework with
the following baselines:

HINGE learns directly from hyper-relational
facts in knowledge graphs to capture both the pri-
mary structural information within triplets and the
correlations between each triplet and its associated
key-value pairs.

ConGLR jointly leverages a context graph and
logical rules, which integrates graph structural pat-
terns with symbolic reasoning to predict new rela-
tions.
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Split (0,5] (5,10] (10,15] (15,20] (20,25] (25,30] (30,+∞)

Train 120 1,000 1,884 2,018 1,462 1,201 3,306
Val. 36 297 547 647 515 422 1,125
Test 21 380 571 704 515 298 1,112

Total 177 1,677 3,002 3,369 2,492 1,921 5,543

Table 4: Distribution of event graph nodes.

Split (0,10] (10,20] (20,30] (30,40] (40,50] (50,60] (60,70] (70,+∞)

Train 1,053 1,658 1,563 1,251 1,012 803 574 3,077
Val. 274 459 472 416 365 320 250 1,033
Test 282 523 484 373 324 278 244 1,093

Total 1,609 2,640 2,519 2,040 1,701 1,401 1,068 5,203

Table 5: Distribution of event graph edges.

Parameter Value

Top-k 2
Temperature (t) 0.9

Max Context Length 512
Max Sentence Schema Length 200
Max Mention Schema Length 75
Max Context Schema Length 285

Optimizer AdamW
Expert Learning Rate 5e-6
Router Learning Rate 5e-6
Weight Decay 0.01
Epochs 15
Loss Function Cross Entropy
Random Seed 209
noise factor ϵ 0.1

Table 6: Parameter settings for MER framework.

SIEG is a structure-oriented link prediction
framework that reduces reliance on neighbor node
features and employs a Binary Structural Trans-
former to encode structural relationships between
target nodes.

APST supports inductive relation prediction by
jointly modeling Anchoring Paths and Closed Paths
with a Sentence Transformer. It retrieves entity
descriptions to construct informative paths when
closed paths are unavailable.

PLAF integrates Dual Graph Prompt Learning
with a Multiplex Graph Attention Network by re-
formulating event graphs into triplet sequences to
capture both semantic and structural information.

ChatGLM3-6B is a bilingual conversational
model developed by Zhipu AI 1 and Tsinghua Uni-
versity KEG Lab 2, built upon the General Lan-
guage Model (GLM) architecture. It utilizes large-

1https://www.modelscope.cn/models/ZhipuAI/ chatglm3-
6b

2https://github.com/THUDM/ChatGLM-6B

scale pre-training on diverse multilingual datasets
and fine-tuning to optimize performance in gener-
ating contextually accurate responses.

Llama3-8B is an open-source large language
model released by Meta 3, which is based on the
Transformer decoder architecture and utilizes su-
pervised fine-tuning and reinforcement learning
from human feedback during its training process.

GPT-3.5-turbo is a conversational AI model
developed by OpenAI 4, which utilizes a genera-
tive pre-training framework, followed by instruc-
tion tuning and reinforcement learning from human
feedback to ensure alignment with user intent.

GPT-4o-mini is a cost-effective multimodal
model developed by OpenAI 5. Built upon the GPT-
4o architecture, it is optimized for low-latency in-
ference and utilizes instruction tuning to deliver
robust reasoning capabilities with significantly re-
duced computational overhead.

DeepSeek-V3.2 is a highly efficient large lan-
guage model developed by DeepSeek 6, utilizing a
Mixture-of-Experts (MoE) architecture to deliver
strong reasoning and language understanding capa-
bilities with minimal computational overhead.

For LLMs, we use prompt learning methods to
convert event graphs into text sequences, construct-
ing prompt templates to input into the LLM. Specif-
ically, we input the description of the event graph,
context sentences, linearized event graph structure,
and queries as prompts into the LLM to complete
the relationships in the event graph. The prompt is
shown in Figure 3.

D Further experiments

D.1 Ablation study of the Path Expert

To investigate how to effectively integrate event
mentions and types within the Path Expert, we
compare four template strategies: (1) Only Men-
tion: uses only the mention path template; (2) Only
Type: uses only the type path template; (3) Com-
bined: forms a single prompt by appending the type
sequence directly after the mention sequence; (4)
Fused (i.e., our default Path Expert): uses the two
templates independently.

As shown in Table 8, the Fused strategy achieves
the best average F1-score. Notably, the Com-
bined strategy experiences a significant perfor-

3https://github.com/meta-llama/llama3
4https://openai.com/
5https://openai.com/
6https://huggingface.co/deepseek-ai/DeepSeek-V3.2
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Split Graphs Instances Avg.
Nodes

Avg.
Edges

sub-event Temporal Causality Corf.
Belong Include Before After Cause Caused_by

Train 2,198 10,991 26 60 567 557 1,474 1,478 1,322 1,220 1,289
Val. 708 3,589 27 66 181 182 477 453 427 407 457
Test 708 3,601 26 64 213 193 495 474 425 405 426

Total 3,614 18,181 – – 961 932 2,446 2,405 2,174 2,032 2,172

Table 7: Statistics of the EGC-MAVEN dataset.

Fusion Strategy Sub-event Causality Temporal Coreference Average

R P F1 R P F1 R P F1 R P F1 R P F1

Only Mention 66.1 39.1 49.1 49.4 34.2 40.4 45.1 26.3 32.9 92.5 77.1 84.1 63.3 44.2 51.6
Only Type 49.5 23.8 32.0 65.1 24.3 35.4 50.7 22.4 31.1 99.1 66.9 79.9 66.1 34.4 44.6
Combined 62.8 37.7 47.0 55.5 32.6 41.0 44.1 25.7 32.5 97.4 77.0 86.0 64.9 43.2 51.6

Fused (Ours) 73.0 56.3 63.5 64.6 46.4 54.0 48.0 34.3 40.0 98.8 69.1 81.4 71.1 51.5 59.7

Table 8: Ablation study of the Path Expert on template fusion strategies. The best results are in bold, and the
sub-optimal results are underlined.

Figure 11: Distribution of experts on train set with top-k
set to 3.

mance drop, yielding no improvement over the
Only Mention strategy. This indicates that naively
inserting mention types into the prompt is ineffec-
tive, as PLMs struggle to allocate sufficient atten-
tion to this appended information. Consequently,
our decoupled strategy processes the mention and
type paths independently, preserving their distinct
semantic properties without mutual interference.
This comparison validates the necessity of our dual-
template fusion mechanism for the Path Expert.

D.2 Distribution of different experts

Figure 11 and Figure 12 illustrate the distribution
of expert selection on the training and validation
sets with top-k set to 3, respectively. Consistent
with the distribution of different experts on the test
set, the router favors the Context and Path experts,
which indicates that contextual and path-level in-
formation are crucial for EGC. It is interesting to

Figure 12: Distribution of experts on valid set with top-
k set to 3.

note that the Mention expert, Sentence expert, and
Graph expert are not entirely discarded but are
adaptively activated to handle some event graphs.

E Prompts for different experts

Figure 13 illustrates the prompt templates of differ-
ent experts, which are designed to transform event
graphs into sequential textual inputs for the PLMs.
Specifically, Q denotes the target query event pair
to be predicted, and <Rel> represents the relation-
ship connecting the intermediate event nodes along
the path. By converting the graph structure into
a text sequence ending with a [Mask] token, we
employ the MLM head to directly predict the event
relation.

F Pre-trained Language Models

Pre-trained language models are introduced as fol-
lows:
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Figure 13: Illustration of the prompts for different experts.

BERT (Devlin et al., 2019) is a pioneering
model that utilizes a masked language modeling
(MLM) objective to pre-train deep bidirectional
representations from unlabeled text.

RoBERTa (Liu et al., 2019) optimizes the
BERT architecture by removing the next-sentence
prediction (NSP) objective and training with larger
batches and more data on longer sequences with
dynamic masking.

DeBERTa (He et al., 2021) enhances BERT
by employing a disentangled attention mechanism
that separately encodes content and positional in-
formation, along with an enhanced mask decoder
to incorporate absolute positions.

ERNIE (Zhang et al., 2019) is designed to in-
tegrate external knowledge into the pre-training
process by masking phrases and entities, thereby
capturing semantic relationships more effectively.

The full results are presented in Table 9.

G Analysis of computational cost

Table 10 reports the inference time, GPU mem-
ory usage, and computational complexity of differ-
ent modules. Here, S denotes the input sequence
length, d the hidden dimension, V the vocabulary
size, N and E the numbers of nodes and edges in
the input event graph, respectively, L the number of
Transformer layers, and K the number of activated

experts.
The results indicate that MER is computationally

efficient and can be trained with moderate hard-
ware resources. MER adopts a two-stage training
strategy that separates expert training from router
training, which helps reduce the memory overhead
and optimization burden associated with jointly
training multiple experts. During inference, the
router selects only the top-K most relevant experts
for weighted fusion, thereby limiting the additional
computational cost introduced by the multi-expert
architecture. In practice, both training and infer-
ence can be performed on a single NVIDIA RTX
3090 GPU within a reasonable amount of time.
These results demonstrate that MER achieves good
computational efficiency and practical feasibility.

H Further Analysis of Expert Ablations

The ablation results in Table 2 show that remov-
ing individual experts consistently degrades the
overall performance of MER, suggesting that these
experts provide complementary information for het-
erogeneous relation prediction. The Path Expert
exhibits a particularly pronounced contribution to
structurally dependent relations. Removing it de-
creases the F1 scores on Sub-event and Causal-
ity from 65.2 to 49.8 and from 62.0 to 55.7, cor-
responding to drops of 15.4 and 6.3 percentage
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Model Module
Sub-event Causality Temporal Coreference Average

R P F1 R P F1 R P F1 R P F1 R P F1

MER BERT

Mention 45.7 13.7 20.8 49.1 19.3 27.6 42.4 19.9 27.0 82.2 34.8 48.9 54.9 21.9 31.1

Sentence 55.0 30.9 39.4 51.6 37.2 42.9 33.2 32.3 32.2 83.3 75.1 79.0 55.8 43.9 48.4

Context 60.2 36.2 45.2 64.6 40.3 49.6 53.6 35.2 42.5 92.0 74.8 82.5 67.6 46.6 55.0

Path 70.4 64.2 67.2 59.8 44.8 51.0 43.5 30.9 35.8 97.0 75.5 84.9 67.7 53.9 59.7

Graph 76.6 22.6 34.8 68.8 28.4 40.2 47.6 23.7 31.6 76.3 69.6 72.8 67.3 36.1 44.9

Router 70.4 55.0 61.8 59.9 45.1 51.2 43.4 31.0 36.2 97.0 75.8 85.1 67.7 51.7 58.6

MER ERNIE

Mention 48.9 13.9 21.5 46.2 19.4 27.3 32.2 19.8 24.0 79.8 35.1 48.7 51.8 22.1 30.4

Sentence 45.4 32.3 37.7 55.0 36.2 43.5 42.5 34.6 38.1 80.1 60.9 69.2 55.8 41.0 47.1

Context 64.6 36.2 46.3 65.0 43.6 52.1 51.9 40.7 45.6 92.5 78.2 84.7 68.5 49.7 57.2

Path 73.9 57.7 64.8 63.3 46.6 53.7 47.5 32.0 37.6 98.8 68.5 80.9 70.9 51.2 59.3

Graph 78.0 18.7 30.2 78.0 25.4 38.4 50.8 24.2 32.8 60.6 70.1 65.0 66.9 34.6 41.6

Router 66.5 61.2 63.8 64.2 51.0 56.9 46.4 38.7 42.1 96.7 81.1 88.2 68.5 58.0 62.8

MER DeBERTa

Mention 43.4 14.1 21.2 47.4 19.3 27.4 41.6 19.3 26.2 82.4 34.3 48.4 53.7 21.8 30.8

Sentence 57.2 40.0 47.1 63.3 46.1 53.3 48.9 34.9 41.0 93.9 77.7 86.0 65.8 49.7 56.9

Context 53.8 42.6 47.6 69.5 47.0 56.1 57.2 39.2 46.5 93.4 82.2 87.5 68.5 52.8 59.4

Path 74.3 61.4 66.4 56.6 43.2 49.0 52.7 29.0 37.4 99.3 66.8 79.9 70.7 50.1 58.2

Graph 72.7 21.8 33.5 66.6 27.1 38.5 48.6 23.7 31.8 79.6 68.1 73.4 66.9 35.2 44.3

Router 59.2 45.7 51.6 71.7 47.7 57.2 57.2 38.0 45.6 94.8 79.8 86.7 70.7 52.8 60.3

MER RoBERTa

Mention 41.5 14.9 21.3 53.2 20.6 29.5 45.0 19.0 26.6 84.0 33.6 48.0 55.9 22.0 31.4

Sentence 66.3 35.7 46.4 73.2 37.3 49.4 48.5 34.0 39.8 97.7 69.7 81.3 71.4 44.2 54.2

Context 65.1 40.3 49.5 79.4 42.6 55.4 62.1 41.0 49.3 93.7 79.3 85.9 75.1 50.8 60.0

Path 73.0 56.3 63.5 64.6 46.4 54.0 48.0 34.3 40.0 98.8 69.1 81.4 71.1 51.5 59.7

Graph 80.4 20.0 32.0 71.2 26.8 38.9 52.5 22.7 31.7 78.6 64.9 71.1 70.7 33.6 43.4

Router 73.0 59.1 65.2 76.6 52.1 62.0 59.0 42.8 50.2 97.0 79.4 87.3 76.4 58.4 66.2

Table 9: PLM Ablation results on the EGC-MAVEN dataset.

Module Time Complexity GPU Memory Usage Training/Inference Time

Mention Expert O
(
L(S2d+ Sd2) + dV

)
∼6 GB 25 / 2 min

Sentence Expert O
(
L(S2d+ Sd2) + dV

)
∼6 GB 25 / 2 min

Context Expert O
(
L(S2d+ Sd2) + dV

)
∼8 GB 25 / 2 min

Path Expert O
(
2L(S2d+ Sd2) + d2

)
∼10 GB 45 / 3 min

Graph Expert O
(
NL(S2d+ Sd2) +Nd2 + Ed

)
∼12 GB 46 / 3 min

Router O
(
L(S2d+ Sd2) + dK

)
∼6 GB 40 / 6 min

Table 10: Computational cost analysis of different modules in MER.

points, respectively. Performance also decreases
on Temporal and Coreference relations by 1.0 and
1.5 points, leading to an overall reduction of 6.1
points in average F1. These results indicate that the
Path Expert is particularly important for capturing
structural dependencies underlying Sub-event and
Causality relations, while also providing comple-
mentary information for Temporal and Coreference
prediction.

Table 11 presents representative cases to further
analyze the effects observed in the expert ablation
study. In the Temporal case, the path from planned

to attack captures the progression from planning
to execution, providing evidence for their temporal
order. In the Causality case, intermediate events
connect attack with set up, offering multi-hop
evidence for the causal relation. In contrast, the
Coreference case is determined more directly by
the semantic and contextual consistency between
conflict1 and conflict2, while the surrounding path
provides limited additional evidence. These cases
help explain why the Path Expert contributes more
strongly to Temporal and Causality relations than
to Coreference, while still improving the overall
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Relation Query Pair Label Representative Event Path Role of Path Evidence

Temporal attack vs. planned After proposed → planned → decided
→ attempt→ attack

The intermediate events describe the
progression from planning to execu-
tion, providing structural evidence
that planned occurs before attack.

Causality set up vs. attack Caused_by attack→ started→ fell→ set up
→ ruled→ announced

The path connects the earlier attack
with the subsequent set up event
through intermediate events, provid-
ing useful multi-hop evidence for
causal reasoning.

Coreference conflict1 vs. conflict2 Coreference conflict1 → capture ← conflict2
→ operations→ gained

The surrounding events characterize
the broader event context but pro-
vide limited additional evidence for
determining whether the two men-
tions refer to the same event.

Table 11: Representative cases for further analysis of the expert ablation results.

Model Shot Sub. Cau. Tem. Corf. Avg.

R P F1 R P F1 R P F1 R P F1 R P F1

GPT-3.5 0 38.7 12.0 18.2 47.6 14.6 22.3 41.0 18.4 24.7 89.4 20.5 33.4 54.2 16.4 24.6
GPT-3.5 1 45.8 27.5 25.4 41.0 24.4 29.7 43.4 48.1 35.8 41.4 30.4 31.4 42.9 32.6 30.6
GPT-3.5 3 42.8 47.1 34.4 42.6 33.3 34.9 42.8 47.1 34.4 41.2 29.0 32.8 42.4 39.1 34.1
GPT-3.5 5 46.3 34.5 37.3 43.4 37.2 35.0 41.0 42.3 37.8 42.6 33.6 36.6 43.3 36.9 36.7

GPT-4o-mini 0 46.0 25.2 22.7 35.9 16.9 22.9 41.2 40.9 39.0 42.7 38.5 38.0 41.5 30.4 30.7
GPT-4o-mini 1 43.3 21.8 19.7 36.1 17.1 21.9 42.3 43.2 33.4 22.1 13.2 10.4 36.0 23.8 21.4
GPT-4o-mini 3 46.8 33.3 25.6 36.4 16.4 22.2 43.9 44.8 35.6 27.8 16.0 14.6 38.7 27.6 24.5
GPT-4o-mini 5 45.8 29.4 27.1 38.7 22.9 25.3 41.7 29.4 34.5 26.3 12.8 12.4 38.1 23.6 24.8

DeepSeek-V3.2 0 48.2 19.0 22.2 34.9 12.4 17.3 42.8 31.2 33.8 40.0 34.7 30.3 41.5 24.3 25.9
DeepSeek-V3.2 1 52.6 33.2 32.8 33.6 14.1 18.7 38.1 28.5 31.5 27.9 17.3 15.3 38.1 23.3 24.6
DeepSeek-V3.2 3 60.0 40.6 44.1 32.4 12.0 16.4 40.9 32.5 32.1 40.3 31.5 31.8 43.4 29.2 31.1
DeepSeek-V3.2 5 67.7 34.1 45.1 36.0 17.8 22.2 39.8 35.1 36.0 34.1 18.6 20.3 44.4 26.4 30.9

MER (ours) – 73.0 59.1 65.2 76.6 52.1 62.0 59.0 42.8 50.2 97.0 79.4 87.3 76.4 58.4 66.2

Table 12: Comparison with LLMs under different few-shot ICL settings.

performance of MER.

I Further Comparison with Few-shot ICL

To further examine whether in-context demonstra-
tions can improve the performance of general-
purpose LLMs on EGC, we evaluate GPT-3.5, GPT-
4o-mini, and DeepSeek-V3.2 under 0-, 1-, 3-, and
5-shot settings. For each relation type t, we define
its candidate label set Yt and sample demonstra-
tions from the training set. For 1-shot prompting,
one demonstration is randomly selected. For 3-
and 5-shot prompting, we first select examples to
cover the candidate labels and then randomly sam-
ple additional examples when necessary until the
required number is reached. The selected demon-
strations are placed before the test query, and the
model is instructed to predict one label from Yt.

As shown in Table 12, increasing the number

of demonstrations does not consistently improve
performance across different LLMs. For example,
GPT-4o-mini achieves an average F1 of 30.7 in the
zero-shot setting, while its 1-, 3-, and 5-shot results
are 21.4, 24.5, and 24.8, respectively. DeepSeek-
V3.2 also exhibits fluctuations as the number of
demonstrations increases. Although GPT-3.5 ben-
efits more from additional examples and reaches
its best average F1 of 36.7 with five demonstra-
tions, it remains substantially below MER (66.2).
These results indicate that few-shot demonstrations
alone are insufficient to reliably capture the fine-
grained semantic and structural distinctions among
heterogeneous event relations. In contrast, MER
explicitly models complementary relation informa-
tion through specialized experts and achieves more
consistent performance across relation types.
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